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Summary
Video lectures are increasingly prevalent, but they present challenges to learners.
Students' minds often wander, yet we know little about how mind wandering affects
attention during video lectures. This paper presents two studies that examined eye
movement patterns of mind wandering during video lectures. In the studies, mind
wandering reports were collected by either self-caught reports or thought probes.
Results were similar across the studies: mind wandering was associated with an
increased allocation of fixations to the instructor's image. For fixations on the slides,
the average duration increased but the dispersion decreased. Moreover, preliminary
evidence suggested that fixation duration and dispersion can diminish soon after
self-caught reports of mind wandering. Overall, these findings help advance our
understanding of how learners' attention is affected during mind wandering and may
facilitate efforts in objectively identifying mind wandering. Future research is needed
to determine if these findings can extend to other instructional formats.
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1 | ATTENTION DURING VIDEO LECTURES
Educational researchers have long expressed concern that students
have difficulty maintaining attention during lectures (e.g., Bloom,
1953; Schoen, 1970). With the rapid expansion of online courses, the
problem of keeping attention extends beyond traditional classrooms.
Although video lectures make learning more accessible, they often
rely on learners to regulate attention and thus leave room for atten-
tion failures (Schacter & Szpunar, 2015).
Video lectures may be particularly permissive of mind wandering
(MW), an internal shift in the contents of thought away from the
ongoing task to self-generated, task-irrelevant thoughts (Smallwood &
Schooler, 2015, 2006). MW had been an underrecognized factor in
education until recently (Smallwood, Fishman, & Schooler, 2007).
Recent development of experience-sampling methods has rendered
MW a measurable phenomenon (Smallwood & Schooler, 2015). The
self-caught method asks participants to report MW whenever they
catch themselves doing so, and the probe-caught method occasionally
interrupts participants during a task to report their current mental
state. Both methods have been proven feasible and reasonably valid
to obtain MW data (McVay & Kane, 2012; Risko, Anderson, Sarwal,
Engelhardt, & Kingstone, 2012; Varao-Sousa & Kingstone, 2019).
Recent studies showed that MW was highly prevalent during
video lectures. For example, Risko et al. (2012) found that participants
on average reported MW to about 43% of the thought probes in
three video lectures with different topics (Psychology, Economics, and
Classics); similarly, Kane et al. (2017) reported a 45% MW rate in a
52-min statistics video lecture. Using a much shorter lecture (a 21-min
statistics lecture), Szpunar, Khan, and Schacter (2013) found an MW
rate of about 40%. Notably, all these studies showed that MW rate
was negatively associated with lecture comprehension. Some evi-
dence also suggested that MW increased over the course of a lecture,
which may lead to worse retention for latter parts of the lecture mate-
rial (Beserra, Nussbaum, & Oteo, 2019; Farley, Risko, & Kingstone,
2013; Risko et al., 2012; Wammes & Smilek, 2017; Young, Robinson, &
Alberts, 2009).
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2 | EXAMINING EYE MOVEMENTS OF MW
DURING VIDEO LECTURES
Despite MW's prevalence, its covert and internal nature presents
challenges to studying how information processing is affected during
this mental state. Eye tracking may provide important insights into
this question. Due to constraints on our visual system, successful
visual processing often requires the viewer to gather information from
different places. Therefore, visual attention can be reflected in two
fundamental but related aspects of eye movements: when to move
the eyes and where to move the eyes (Rayner, 1998). Both the when
and the where aspects may determine when attention is no longer on
the task. A few recent studies (Hutt et al., 2017; Hutt et al., 2017;
Hutt, Mills, White, Donnelly, & D'Mello, 2016) used eye tracking to
study MW from a data-mining perspective. For example, Hutt, Har-
dey, et al. (2017) tracked eye movements during a video lecture and
probed participants to report MW/on-task. They built algorithms on
the basis of a large number of features to predict self-report and were
able to achieve above-chance performance. This very encouraging
result showed a clear link between MW and eye movements in a
video lecture context. However, in some cases, it was unclear which
features were useful or generalizable across videos. And it may be dif-
ficult to interpret some of the features (e.g., minimum fixation dura-
tion; Hutt et al., 2016) in the context of existing theories.
The when-and-where question during MW has been primarily
examined in the context of reading comprehension. For example, the
usual association between looking times and word properties
(e.g., word frequency) was reduced during MW (Foulsham, Farley, &
Kingstone, 2013; Reichle, Reineberg, & Schooler, 2010; Steindorf &
Rummel, 2019); readers also tended to skip more words and perform
fewer horizontal eye movements during MW (Bixler & D'Mello, 2016;
Faber, Bixler, & D'Mello, 2018). These findings not only inspired theo-
retical accounts of how reading is disrupted during MW
(e.g., Smallwood, 2011) but also facilitated the development of
algorithms to detect MW during natural reading (e.g., Bixler &
D'Mello, 2016; Faber et al., 2018). These successes point to the
importance to expand this line of research to various lecture settings
to better understand how the learner's attention is disrupted and how
we can help learners recover from MW.
2.1 | LOOKING AT THE INSTRUCTOR
Most video lectures are multimedia experiences that integrate multiple
sources of information. In a popular video lecture setup that presents
an instructor and slides (the setup used in this study, see Figure 1), these
two sources of information can vary in their informativeness and appeal.
Visual attention is easily attracted by other people's faces (Gullberg &
Holmqvist, 2006), but most of the learning-relevant information is pres-
ented on the slides. This setup presents a question for the learner of
where to look at (cf. Mayer, 2005). The competition between the
instructor and the slides provides a good opportunity to explore the
where aspect of eye movement control. Given the impaired top–down
control of comprehension during MW, visual attention may be less
associated with the importance or the relatedness of information pres-
ented during video lectures.
2.2 | LOOKING AT THE SLIDES
Because the slides usually occupy a large portion of the visual field,
both the when and the where decisions are highly relevant to this
area. If visual processing of the slides indeed decreases during MW,
we must look further at how the temporal and the spatial aspects of
the fixations are affected. One common measure for examining the
when question is fixation duration. Previous studies found that MW
was associated with longer mean fixation duration in reading (Bixler &
D'Mello, 2016; Foulsham et al., 2013; Reichle et al., 2010) and scene
F IGURE 1 An illustration of the lecture videos used (Study 1 at left, education; and Study 2 at right, genetics). Areas of interest were noted
by dotted lines. The x and y axes represents the screen pixel coordination
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viewing (Krasich et al., 2018). Given that slides are usually comprised
of textual and graphical information (as in this study), MW may have
similar effects on the when decision as in reading and scene viewing.
Therefore, we expected that MW would be associated with increased
duration for fixations on the slides.
We examined the where question by looking at the dispersion of
fixations on the slides. Fixation dispersion measures how fixations are
spread across a given area. It can be computed as the root mean square
of the Euclidean distance from each fixation to the average position of
all fixations (as in Krasich et al., 2018). A larger dispersion suggests that
the eyes were moving across the entire area rather than concentrating
on a small part of it. Previous studies found inconsistent results regard-
ing dispersion; in a scene-viewing task, MW was associated with
increased dispersion (Krasich et al., 2018), whereas in a simulated driv-
ing task, MW was associated with decreased dispersion (He, Becic,
Lee, & McCarley, 2011). It remains an open question whether fixation
dispersion will be associated with MW in the current study.
3 | ANALYZING THE TIME COURSE OF EYE
MOVEMENTS
To evaluate whether certain objective patterns are uniquely associ-
ated with MW, a typical approach is to compare MW and non-MW
data right before the thought probe. However, the range of the analy-
sis window is often chosen somewhat arbitrarily. For example, studies
have used a time window of 5 s (Smilek, Carriere, & Cheyne, 2010;
Uzzaman & Joordens, 2011), 10 s (Christoff, Gordon, Smallwood,
Smith, & Schooler, 2009), 40 words (corresponding to about 10 s;
Franklin, Broadway, Mrazek, Smallwood, & Schooler, 2013), 10 sen-
tences (corresponding to about 40 s; Franklin, Mooneyham, Baird, &
Schooler, 2014), and so forth. Experience-sampling methods do not
indicate the onset of an MW thought (Smallwood, 2013). Thus an
arbitrary decision must be made about how much data to be included
in the analyses. However, limiting analyses to a single interval may not
be the best way to evaluate the rich information contained in time-
series data.
In this study, we used growth curve analysis (Mirman, Dixon, &
Magnuson, 2008) to model eye movements during a long period that
leads up to the self-caught report/the thought probe (50 s or ten 5-s
bins). In this way, we could see how MW develops over time across a
series of consecutive time bins. The choice of using 5-s bins was arbi-
trary but consistent with some previous studies on eye movement
correlates of MW (Krasich et al., 2018; Smilek et al., 2010; Uzzaman &
Joordens, 2011). Moreover, instead of examining differences for each
bin (e.g., Krasich et al., 2018), growth curve analysis examines the
overall difference between two time courses. Thus this method can
be more powerful and less sensitive to the selection of a particular bin
size, which can reduce the risk associated with arbitrariness.
In order to begin to understand what happens after MW, we
compared eye movements immediately before and after self-caught/
probe-caught MW. A self-caught report or the onset of a thought
probe usually marks the termination of an MW episode, either
because it has reached awareness or because it is interrupted by the
thought probe's presentation. Then participants might exit the MW
state, at least temporarily, and redirect themselves back to the task.
Thus, comparing what happens before and after these critical
moments can offer insights in how learners recover from MW. As an
exploratory analysis, we compared eye movement measures during
the 15 s before and after the onset of a thought probe or the onset of
a self-caught MW report. We used three bins to reduce potential arti-
facts caused by the process of reporting MW (e.g., looking at the key-
board to respond to the probe and then looking back to the screen).
4 | THE CURRENT STUDY
To summarize, the current studies examined whether MW was associ-
ated with temporal changes in eye movements in a video lecture set-
ting. We examined the following eye-movement measures: (a) the
allocation of fixations on the instructor (defined as the number of fixa-
tions on the instructor divided by the total number of fixations on the
instructor and the slides), (b) the duration of fixations on the slides,
and (c) the dispersion of fixations on the slides. For each eye move-
ment measure, we examined how it evolved over time during a period
before self-caught MW/thought probe onset and whether it abruptly
changed immediately after these critical moments.
On the basis of previous literature, we predicted that MW should
be associated with increased fixation duration. However, previous lit-
erature did not help us to clearly predict fixation dispersion and fixa-
tion allocation. Moreover, because the application of growth curve
analysis was new in this setting, we could not hypothesize how MW
and on-task time series would differ; they could differ in their overall
mean, their trends, or both.
To offer evidence of generalizability, we decided to run the same
experimental procedure and analysis protocol with two lecture videos.
The two videos covered different topics, used different instructors,
and had slight differences in their display setting. For clarity, we dis-
cuss the first video as Study 1 and the second video as Study 2. More-
over, we used either the self-caught or the probe-caught method to
obtain MW and on-task reports, with each participant using only one
kind of report method. Self-caught MW only captured MW episodes
that eventually reached awareness, whereas probe-caught MW could
capture MW with and without the participant's awareness. By includ-
ing both approaches, we can assess whether our findings depend on
the specific ways in which MW is assessed.
5 | STUDY 1
5.1 | Methods
5.1.1 | Participants
Seventy-seven undergraduate students from a large Midwestern
U.S. university participated in this study for course credit. We decided
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to collect as much data as we could during one semester, taking into
account constraints on time and personnel. We discarded data from
three participants for technical failures that resulted in incomplete
recording and two participants for low tracking ratio, which left a total
of 72 participants for data analysis (mean age = 18.86 years,
SD = 0.97 years, and 61.11% female). Of them, 34 were randomly
assigned to the probe-caught condition. All participants reported nor-
mal or corrected normal eye sight. The study has been approved by
the Institutional Review Board at the authors' university.
5.1.2 | Stimuli and apparatus
The video was a 19-min scripted lecture on International Comparisons
in Education that introduced methods used in large-scale international
student assessments and how they informed educational improve-
ment efforts (adapted from Samudra, Min, Cortina, & Miller, 2016).
The video can be found at https://osf.io/ptj75/files/. The video dis-
play was divided into a slides window and an instructor window (see
Figure 1, left panel). Window size and position remained fixed
throughout the lecture. The instructor was a female graduate student
who read a script on a teleprompter. The slides contained static texts
and figures. The video was played through a 1,280 × 1,024 resolution
computer screen at a viewing distance of approximately 60 cm. The
slides area subtended approximately 19 × 15 of visual angle, and the
instructor area subtended approximately 7 × 4 of visual angle.
Binocular gaze data were recorded by an Eye Tribe tracker at
60 Hz. The Eye Tribe tracker can provide satisfactory gaze tracking
quality for fixation-based analysis (Dalmaijer, 2014). It was used in
several previous studies in a similar context (e.g., Hutt, Hardey, et al.,
2017; Hutt, Mills, et al., 2017). The average tracking ratio in this study
was 80%, and the average calibration accuracy was 0.62 of visual
angle (0.5–1.0 as claimed by the Eye Tribe developers; as cited in
Ooms, Dupont, Lapon, & Popelka, 2015). Raw gaze data were fed to
the open gaze and mouse analyzer algorithm (Voßkühler, Nordmeier,
Kuchinke, & Jacobs, 2008) for an offline detection of fixations. The
experiment was implemented by the OpenSesame software (Mathôt,
Schreij, & Theeuwes, 2012) with the PyGaze package (Dalmaijer,
Mathôt, & Stigchel, 2014). Areas of interest (noted by dotted lines in
Figure 1, left) were defined prior to data collection.
5.1.3 | Procedure
The definition of MW was communicated to the participants as any
thoughts experienced throughout the lecture that are not related to the
content being presented during the lecture, including cases where
thoughts simply pop into your head and you may choose to think about
something other than the lecture content (as in Lindquist & McLean,
2011). Participants learned this concept and were trained to distinguish
MW from task-related interference/elaboration and external distraction
(Smallwood & Schooler, 2015). Specifically, participants were simply
told not to report MW if they were distracted by external objects and
events in their surroundings. Then participants learned to distinguish
between MW and task-related interference/elaboration in seven hypo-
thetical scenarios; for each scenario, participants responded whether
they should indicate MW. For example, you find yourself thinking about
your plans for tonight should be reported as MW, but you find yourself
thinking about how much longer the video will be was task-related
interference/elaboration and thus should not be reported. The experi-
menter explained the correct answer to participants for all incorrect
responses. These questions can be found in Data S1.
Participants were randomly assigned to the self-caught condition
or the probe-caught condition. In the self-caught condition, partici-
pants were instructed to press any key whenever they caught them-
selves MW. Participants were also asked to rest a finger on the
keyboard while watching in order to minimize the delay between MW
detection and report. In the probe-caught condition, a beep sound
was played at four fixed times in the video (2 min 48 s, 6 min 28 s,
11 min 31 s, and 17 min 23 s), and participants were asked to report
whether, at this exact moment, they were MW by pressing the
corresponding key (Y for MW and N for on-task).
After learning the instructions, participants took a pretest of the
video lecture to measure preexisting knowledge. The pretest con-
sisted of 5 multiple choice questions and required participants to fin-
ish within 5 min. Then the eye tracker underwent a 9-point
calibration. Next, participants watched the video lecture with eye
movements recorded. Participants were told to watch the video care-
fully as if you are in a real lecture and that you will be tested on the video
after watching. Depending on their assigned group, participants used
either the self-caught or the probe-caught method to report MW. The
video played continuously despite key presses. When the video was
over, participants took a comprehension test that consisted of 18 mul-
tiple choice questions and required participants to finish within
15 min. As in Samudra et al. (2016), 12 of the questions were lower
level definitional questions on the basis of recalling information from
the video, and the other six questions were conceptual and required
applying the information from the video to a new context. The post-
test questions covered but were not limited to the content presented
before the thought probes.1 Participants also rated their engagement
level during the video (The material covered in this lesson was interest-
ing and My attention was fully focused on the video, from 1 = strongly
agree to 5 = strongly disagree; responses were reverse coded, and the
average of the two items was used to index engagement level). Partic-
ipants had the option to retrospectively disclose their MW thoughts
occurred during the video (What were you thinking while you were
mind-wandering? Please give us a few examples.). These reports were
not analyzed in the current study.
5.1.4 | Data analysis
Data analysis was conducted in R (Version 3.5.1; R Core Team, 2018).2
Fixations greater than 2,000 ms or shorter than 80 ms were discarded
(5.80% of data). We chose a relatively high upper bound because previ-
ous studies showed that MW tended to produce long fixations (Bixler &
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D'Mello, 2016; Foulsham et al., 2013; Krasich et al., 2018; Reichle et al.,
2010). We obtained fixations that occurred during the 50 s before and
15 s after the onset of a thought probe or a self-caught key press.
These fixations were then put into thirteen 5-s bins (10 before and
3 after) on the basis of each fixation's onset time. For example, if a fixa-
tion started at bin n and ended at bin n + 1, it was put into bin n.
In the self-caught condition, the interval between two reports
could be shorter than 65 s. Thus the 15 s after the current self-report
could overlap with the 50 s before the next report. We addressed this
problem by doing the following: (a) if the participant pressed key twice
within 5 s, we deleted the first key press (1.86% of self-caught
reports) and used the second one as the endpoint of that MW epi-
sode; and (b) we prioritized data selection for the current report over
the next report in case there was an overlap. Thus we ensured that
each MW episode was associated with a unique portion of data. The
probe-caught condition did not have this issue because the intervals
between thought probes were all greater than 65 s.
We conducted a series of growth curve analysis to examine how
eye movements changed in the period leading up to MW reports.
Growth curve analysis uses orthogonal polynomials to identify compo-
nents in the curvilinear time course of longitudinal data. We only used
the first and the second order polynomials because they can sufficiently
capture the effects specified in the hypotheses.3 Data for self-caught
and probe-caught MW were modeled separately. For each model, the
outcome variable was the participant-level average of fixation allocation,
duration, or dispersion. To construct a reference level for self-caught
MW, we used the average of 1,000 epochs of 65 s randomly selected
from each participant's full eye movement data. All models included the
two time terms, attention (MW or not), and their interactions as fixed
effects. Random effects included time terms for each participant, as well
as time terms for each observed participant-attention combination. The
correlation between random parameters were constrained to be 0 to
help reach convergence. Approximated p values were obtained using the
Satterthwaite's method from the lmerTest package (Kuznetsova et al.,
2017). See Appendix A for full model results.
To examine how eye movements changed abruptly before and
after MW reports, we used repeated-measure analyses of variance
(ANOVAs) to compare the last three time bins before with the first
three time bins after probe presentation or self-caught report. Effect
sizes are reported in generalized eta-squared or ηG
2 (Bakeman, 2005).
5.2 | Results
5.2.1 | MW, engagement, and comprehension
As an initial indicator of the validity of participants' MW monitoring,
we correlated participants' level of MW with their self-rated engage-
ment during the video and their lecture comprehension (see Table 1).
MW level in the probe-caught condition was defined as the percent-
age of probe-caught MW; MW level in the self-caught condition was
defined as the total length of the video divided by the number of
reports, which was the estimated average interval in seconds between
two self-reports (thus a larger value indicates fewer cases of reported
MW).4 We found a significant relationship between MW level and
engagement in both conditions. MW level was also significantly corre-
lated with posttest score. This relationship held true even after con-
trolling for pretest score (self-caught: partial r = .41, p = .012; and
probe-caught: partial r = −.45, p = .008). Thus participants' in-the-
moment assessments of MW were connected to their overall self-
reports of engagement and to what they learned from the lecture.
5.2.2 | Fixation allocation
The time course of fixation allocation is shown in Figure 2, left panel.
For self-caught MW, there was a significant linear trend during a
period of 50 s before self-report, b = 5.15, standard error (SE) = 1.49,
t = 3.45, p = .001. This indicates that, during self-caught MW, the rela-
tive frequency of fixations on the teacher area increased over time.
Importantly, the interaction between the linear term and attention
was significant, b = −5.48, SE = 1.97, t = −2.78, p = .008. This indi-
cates that the time course of self-caught MW evolved differently from
the baseline. Moreover, a significant effect of attention on the inter-
cept term, b = −1.52, SE = 0.55, t = −2.75, p = .009, indicates a global
difference between the two curves.
TABLE 1 The average level of mind
wandering and its relationship with
engagement and comprehension
Report method Study MW level SD MW-engagement MW-posttest
Probe-caught Study 1 0.32 0.22 −0.35* −0.42*
Self-caught Study 1 215.65 199.60 0.38* 0.37*
Probe-caught Study 2 0.32 0.23 −0.59*** −0.08
Self-caught Study 2 201.05 171.46 0.49** 0.04
Note: Mind wandering (MW) level in the probe-caught condition was defined as the percentage of
probe-caught MW; MW level in the self-caught condition was defined as the total length of the video
divided by the number of reports, which gives an estimation of the average interval in seconds between
two self-reports (thus a larger value indicates fewer cases of reported MW). MW-engagement is the
correlation between MW level and engagement level; MW-comprehension is the correlation between
MW level and posttest score.
Abbreviation: MW, mind wandering.
***p < .001; **p < .01; *p < .05.
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For probe-caught MW, there was a marginally significant linear
trend during a period of 50 s before probe onset, b = 9.99, SE = 4.93,
t = 2.03, p = .047. The linear trend did not significantly interact with
attention, p = .356, which suggests that probe-caught MW and on-
task episodes followed similar trends. However, we observed a signifi-
cant effect of attention on the intercept term, b = −8.32, SE = 3.68,
t = −2.26, p = .030. This indicates that probe-caught MW, compared
with on-task episodes, was associated with a larger proportion of fixa-
tions allocated to the teacher area.
We compared the last three time bins before with the first three
time bins after a probe or self-caught episode (see Figure 2). Time point
(before or after), attention (MW or not), and their interaction term were
submitted to a two-way repeated measure ANOVA. For the self-caught
condition, the main effect of time was not significant, p = .197; the main
effect of attention was marginally significant, F (1, 37) = 3.99, p = .053,
ηG
2 = 0.01; and the interaction between time and attention was not sig-
nificant, p = .123. Therefore, the difference between MW and the base-
line seemed to persist after self-caught reports.
For the probe-caught condition, we observed a significant main
effect of time, F (1, 26) = 7.82, p = .010, ηG
2 = 0.04. The main effect of
attention was not significant, p = .223; and the interaction between
attention and time was also not significant, p = .182.
5.2.3 | Fixation duration
We hypothesized that MW would increase the duration of fixations
on the slides area during MW. However, it was unclear whether fixa-
tions on the instructor would be similarly affected. We found that
fixations on the instructor were substantially longer than those on the
slides (540.13 vs. 276.77 ms). Thus, the two areas needed to be ana-
lyzed separately. However, because the instructor area received lim-
ited attention in general (12.35% vs. 83.76% of fixations), the SEs for
the parameter estimates of the instructor-only growth curve became
very large, rendering such models severely underpowered. Therefore,
we only report results for the slides area (see supporting information
for the instructor area's results).
The time course of fixation duration is shown in Figure 3, left
panel. For self-caught MW, we observed a significant linear term dur-
ing 50 s before self-report, b = 36.37, SE = 6.31, t = 5.76, p < .001.
This indicates that fixation duration increased over time during self-
caught MW. Importantly, this linear trend significantly differed from
the baseline, b = −37.92, SE = 8.93, t = −4.25, p < .001. The quadratic
term for self-caught MW was also significant, b = 20.45, SE = 8.17,
t = 2.50, p = .014. This quadratic trend was marginally different from
the baseline, b = −20.78, SE = 11.56, t = −1.80, p = .076.
For probe-caught MW, we also observed a significant linear term
during the same period, b = 87.72, SE = 20.30, t = 4.32, p < .001. Simi-
larly, we observed a significant interaction between the linear term
and attention, b = −90.68, SE = 26.78, t = −3.39, p = .001, indicating a
significantly weaker linear trend during on-task episodes.
We then contrasted mean fixation duration before and after
MW. Time point (before or after), attention (MW or not), and their
interaction term were submitted to a two-way repeated measure
ANOVA. In the self-caught condition, we found a significant main
effect of time, F (1, 37) = 12.98, p = .001, ηG
2 = 0.02; and a significant
main effect of attention, F (1, 37) = 4.94, p = .032, ηG
2 = 0.01. The
interaction term was also significant, F (1, 37) = 11.29, p = .002,
F IGURE 2 The proportion of fixations on the instructor. The y axis represents fixation allocation, defined as the number of fixations on the
instructor divided by the total number of fixations on the instructor and the slides. Each number on the x axis represents a 5-s bin. The dots show
the average across participants, and error bars show ±1 standard error. The blue solid line represents mind wandering, and the red dotted line
represents the baseline (in the self-caught condition) or on-task episodes (in the probe-caught condition). The dotted vertical line marks the last
bin before self-caught report or probe onset. A colored version of this figure is available in the online version of this paper
ZHANG ET AL.454
[Colour figure can be
viewed at wileyonlinelibrary.com]
ηG
2 = 0.02. Post hoc comparisons revealed that fixation duration sig-
nificantly decreased (difference: 24 ms) after reports of self-caught
MW, t = 4.89, p < .001; but this was not the case for the baseline (dif-
ference: 1 ms), p = .724.
In the probe-caught condition, we found a significant main effect
of time, F (1, 25) = 4.98, p = .035, ηG
2 = 0.04; and a significant main
effect of attention, F (1, 25) = 5.14, p = .032, ηG
2 = 0.04. However, the
interaction was not significant, p = .264.
5.2.4 | Fixation dispersion
Fixation dispersion was normalized to a 0 to 1 scale by dividing disper-
sion on the slides area by the maximum possible dispersion. A smaller
value means that participants limited their fixations to a smaller portion
of the slides. The time course of fixation dispersion on the slides area is
shown in Figure 4, left panel. For self-caught MW, we observed a signif-
icant linear term during 50 s before self-report, b = −0.02, SE = 0.01,
t = −3.82, p < .001, indicating that fixation dispersion decreased over
time during self-caught MW. Importantly, this linear trend significantly
differed from the baseline, b = 0.02, SE = 0.01, t = 3.01, p = .005. More-
over, there was also an effect of attention on the intercept term,
b = 0.01, SE = .003, t = 2.68, p = .011. This indicates that fixation disper-
sion was in general smaller during self-caught MW than in the baseline.
For probe-caught MW, the linear term for the same period was also
significant, b = −0.06, SE = 0.02, t = −3.17, p = .002, indicating decreased
dispersion during probe-caught MW. The interaction between attention
and the linear term was not significant, p = .113. However, there was a
significant effect of attention on the intercept term, b = 0.03, SE = 0.01,
t = 2.46, p = .020, indicating that probe-caught MW episodes in general
had lower dispersion than did on-task episodes.
As with the two previous measures, we conducted an abrupt
change analysis for fixation dispersion using repeated-measure
ANOVA. In the self-caught condition, we found a significant main
effect of time, F (1, 37) = 11.87, p = .001, ηG
2 = 0.02; and a significant
main effect of attention, F (1, 37) = 7.84, p = .008, ηG
2 = 0.01. The
interaction between time and attention was also significant,
F (1, 37) = 14.18, p = .001, ηG
2 = 0.03. Post hoc analysis showed that
fixation dispersion significantly increased (difference: .022) after self-
caught MW, t = 5.21, p < .001. But this was not the case for the base-
line (difference: .001), p = .733.
In the probe-caught condition, the main effect of time was not
significant, p = .273. The main effect of attention was significant,
F (1, 25) = 7.07, p = .013, ηG
2 = 0.06. Importantly, there was a signifi-
cant interaction between time and attention, F (1, 25) = 7.05, p = .014,
ηG
2 = 0.05. Post hoc analysis showed that fixation dispersion signifi-
cantly increased (difference: .042) after the presentation of thought
probes reported as MW, t = 2.69, p = .010; but this was not the case
for on-task reports (difference: .018), p = .263.
5.3 | Summary of Study 1
Our results show temporal changes in eye movement patterns during a
period of 50 s leading to MW reports: we observed an increase in the
allocation of fixations to the instructor during MW. For the fixations on
the slides, the average duration increased but the dispersion decreased.
The growth curves during MW distinguished themselves from those
F IGURE 3 The mean duration of fixations on the slides. The y axis represents the mean fixation duration. Each number on the x axis
represents a 5-s bin. The dots show the average across participants, and error bars show ±1 standard error. The blue solid line represents mind
wandering, and the red dotted line represents the baseline (in the self-caught condition) or on-task episodes (in the probe-caught condition). The
dotted vertical line marks the last bin before self-caught report or probe onset. A colored version of this figure is available in the online version of
this paper
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during non-MW episodes through differences in the overall curve
height or in the time trends.
To further illustrate the results, we constructed fixation heat
maps using the probe-caught data (Figure 5, upper panel). Fixations
during the entire 50 s were pooled together across participants and
thought probes and were overlaid on a canonical display. Fixations
were also weighted by their duration. A Gaussian kernel with a width
of 70 pixels and a standard deviation of 10 pixels was used to smooth
the heat maps. Visual attention appears to be bias towards the
instructor area after weighting fixations by duration, a pattern consis-
tent with previous research (Kizilcec, Papadopoulos, & Sritanyaratana,
2014; van Wermeskerken & Gog, 2017; Wang & Antonenko, 2017).
Importantly, the heat map shows a reduction of coverage of the slides
area during MW, which potentially contributed to the increased pro-
portion of fixations on the teacher and the decreased dispersion of
fixations on the slides.
Preliminary evidence showed that some eye movement patterns
associated with MW diminished after MW was reported. Specifically,
the dispersion of fixations on the slides area increased abruptly after
MW reports but not after reports of on-task. We also found an abrupt
reduction in the duration of fixations on the slides area after MW
reports, but it is not clear whether a similar change occurred when
participants were on-task.
6 | STUDY 2
In Study 2, a different sample of participants watched a different video
lecture. The experiment followed the same procedure, and we conducted
the same set of analyses. We wanted to make sure our results were not
bound to a particular instructor, lecture content, or visual layout.
6.1 | Methods
6.1.1 | Participants
Seventy-five undergraduate students from a large Midwestern
U.S. university participated in this study for course credit. We decided
to collect as much data as we could during one semester, given con-
straints on time and personnel. We discarded data from two partici-
pants for incomplete recording and two participants for low tracking
ratio. This left 71 participants for data analysis (mean
age = 18.85 years, SD = 0.92 years, and 57.75% female), and 34 were
randomly assigned to the probe-caught condition. All participants
reported normal or corrected normal eye sight.
6.1.2 | Stimuli and apparatus
The video used in Study 2 was a 22-min scripted lecture on the subject
Introduction to Genetics, which reviewed some past and current views
on how genes and environment shaped human behaviors (adapted from
Min, 2018). The video can be found at https://osf.io/ptj75/files/. The
video display was divided into a slides window and an instructor win-
dow (see Figure 1, right panel). Window size and position remained
fixed throughout the lecture. The instructor was a different female grad-
uate student who read a script presented on a teleprompter.
F IGURE 4 The dispersion of fixations on the slides. The Y axis represents fixation dispersion. Each number on the X axis represents a 5-s bin.
The dots show the average across participants, and error bars show ±1 standard error. The blue solid line represents mind wandering, and the red
dotted line represents the baseline (in the self-caught condition) or on-task episodes (in the probe-caught condition). The dotted vertical line
marks the last bin before self-caught report or probe onset. A colored version of this figure is available in the online version of this paper
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Gaze data in the probe-caught condition were collected using the
Eye Tribe tracker at 60 Hz. However, we used a Tobii T60 tracker
(60 Hz) for the self-caught condition due to a connection issue with the
Eye Tribe server. The video was played at approximately 60 cm from
the participant, with the slides area subtending approximately 18 × 15
of visual angle, and the instructor area subtending approximately
9 × 15 of visual angle. The average tracking ratio was 82%, and the cali-
bration accuracy was 0.64 of visual angle. Raw gaze data from both
trackers were fed to a single algorithm (i.e., open gaze and mouse ana-
lyzer; Voßkühler et al., 2008) for offline detection of fixations.
6.1.3 | Procedure
The procedure was the same as in Study 1. Participants completed a pre-
test, a video lecture with eye tracking, a posttest, and an exit survey.
During the video, participants were asked to either self-catch MW or
respond to four sound beeps during the lecture (3 min 19 s, 10 min 48 s,
15 min 01 s, and 21 min 15 s) to report MW or on-task. The pretest con-
sisted of five multiple choice questions, and the time limit was 5 min.
The posttest consisted of 14 multiple choice questions, and the time limit
was 15 min. Four of the questions were lower level definitional ques-
tions, and the other nine were higher level conceptual questions. As in
Study 1, the posttest questions covered but were not exclusive to the
content presented before the thought probes. Both pretest and posttest
questions are available at https://osf.io/ptj75/files/.
6.1.4 | Data analysis
Data analysis proceeded the same way as in Study 1. The deletion of
extreme values resulted in 4.25% of data loss. The deletion of close
F IGURE 5 Fixation heat maps during 50 s prior to the presentation of thought probes, overlaid on a canonical depiction of the display.
Fixations during the entire 50 s were pooled across participants and thought probes. Fixations were also weighted by their duration. A Gaussian
kernel with a width of 70 pixels and a standard deviation of 10 pixels was used to smooth the heat maps
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self-caught reports (within 5 s of a previous report) resulted in a
2.71% loss of total self-caught reports.
6.2 | Results
6.2.1 | MW, engagement, and comprehension
As in Study 1, we correlated participants' level of MW with partici-
pants' engagement during the video and their lecture comprehension
(see Table 1). Again, we found a significant relationship between MW
level and self-rated engagement. However, the relationship between
MW level and comprehension score was not significant, even after
controlling for pretest score (self-caught: partial r = 0.05, p = .772; and
probe-caught: partial r = −0.07, p = .690).
6.2.2 | Fixation allocation
The right panel of Figure 2 shows fixation allocation over time. For
self-caught MW, there was a significant linear trend during 50 s
before self-report, b = 5.38, SE = 1.94, t = 2.78, p = .007. This linear
trend differed from the baseline, b = −7.21, SE = 2.68, t = −2.69,
p = .011, indicating a different evolving pattern during self-caught
MW compared with the baseline.
For probe-caught MW, the linear term during 50 s before the
probe onset was also significant, b = 25.18, SE = 6.42, t = 3.92,
p < .001. Attention did not significantly interact with the linear term,
p = .629. However, there was a significant effect of attention on the
intercept term, b = −6.93, SE = 2.75, t = −2.52, p = .017, indicating
that the proportion of fixations on the teacher overall was higher dur-
ing MW than during on-task episodes.
As in Study 1, we conducted an abrupt change analysis using
repeated-measure ANOVA. In the self-caught condition, the main
effect of time was significant, F (1, 36) = 6.94, p = .012, ηG
2 = 0.01.
The main effect of attention was not significant, p = .366, but there
was a significant interaction between time and attention, F (1, 36) =
7.09, p = .012, ηG
2 = .007. Post hoc comparisons revealed that atten-
tion on the teacher significantly decreased (difference: 3.71%) after
reports of self-caught MW, t = 3.77, p < .001; but this was not the
case for the baseline (difference: .10%), p = .92.
In the probe-caught condition, we observed a significant main
effect of time, F (1, 26) = 41.40, p < .001, ηG
2 = 0.27. This indicates
that attention on the slides was increased in general after responding
to thought probes. On the other hand, we did not find a significant
effect of attention, p = .138, or a significant interaction between time
and attention, p = .205.
6.2.3 | Fixation duration
Fixations on the instructor were substantially longer than those on
the slides (534.91 vs. 248.90 ms), but the majority of the fixations
were on the slides area (77.96% vs. 19.97% of fixations). As in Study 1,
we report results for the slides area.
The right panel of Figure 3 shows the time course of fixation
duration. For self-caught MW, we observed a significant linear trend
during 50 s prior to self-report, b = 53.12, SE = 5.83, t = 9.10,
p < .001. This linear trend significantly differed from the baseline,
b = −54.77, SE = 8.19, t = −6.68, p < .001. The quadratic term was
also significant, b = 31.06, SE = 6.39, t = 4.86, p < .001; and it signifi-
cantly differed from the baseline, b = −32.31, SE = 8.88, t = −3.64,
p = .001. Overall, baseline fixations were shorter than those in the
self-caught MW state, b = −8.19, SE = 2.45, t = −3.34, p = .001.
For probe-caught MW, we also found a significant linear trend
during the same period, b = 97.98, SE = 26.78, t = 3.66, p = .001.
There was also a significant interaction between the linear term and
attention, b = −84.95, SE = 27.17, t = −3.13, p = .004, indicating that
the linear trend was significantly reduced during on-task episodes.
An abrupt change analysis for the self-caught condition showed a
significant main effect of time, F (1, 36) = 12.85, p = .001, ηG
2 = 0.03.
There was also a significant main effect of attention, F (1, 36) = 37.03,
p < .001, ηG
2 = 0.07. Importantly, the interaction term was also signifi-
cant, F (1, 36) = 10.84, p = .002, ηG
2 = 0.02. Post hoc comparisons
showed that fixation duration significantly decreased (difference:
24 ms) after reports of self-caught MW, t = 4.89, p < .001; but this
was not the case for the baseline (difference: 1 ms), p = .845.
An abrupt change analysis for the probe-caught condition did not
find a significant main effect of time, p = .112, or a significant main
effect of attention, p = .296. There was a marginally significant inter-
action between time and attention, F (1, 26) = 3.60, p = .069,
ηG
2 = 0.02. Post hoc comparisons showed that fixation duration signif-
icantly decreased (difference: 60 ms) after MW responses, t = 2.45,
p = .018. A similar abrupt change was not found after on-task
responses (difference: 5 ms), p = .831.
6.2.4 | Fixation dispersion
The right panel of Figure 4 shows the time course of fixation disper-
sion. For self-caught MW, there was a significant linear trend during
the 50 s prior to self-report, b = −0.04, SE = 0.01, t = −6.68, p < .001.
Thus fixations on the slides became less spread over time. Moreover,
this linear trend significantly differed from baseline, b = 0.04, SE = 0.01,
t = 4.75, p < .001. There was also a significant quadratic trend associ-
ated with self-caught MW, b = −0.02, SE = .005, t = −3.09, p = .002;
and this quadratic trend significantly differed from the baseline,
b = 0.02, SE = 0.01, t = 2.41, p = .016.
For probe-caught MW, the linear term during the same period
was also significant, b = −0.08, SE = 0.02, t = −4.86, p < .001. Atten-
tion did not significantly interact with the linear trend, p = .151. But
there was a significant effect of attention on the intercept term,
b = 0.02, SE = 0.01, t = 2.21, p = .036, indicating a larger dispersion
overall during on-task episodes than during MW episodes.
Again, we conducted a repeated-measures ANOVA to examine
fixation dispersion before and after MW. In the self-caught condition,
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we found a significant main effect of time, F (1, 36) = 16.91, p < .001,
ηG
2 = 0.03; and a significant main effect of attention, F (1, 36) = 8.02,
p = .008, ηG
2 = 0.03. Importantly, the interaction term was also signifi-
cant, F (1, 36) = 9.11, p = .005, ηG
2 = 0.02. Post hoc comparisons
showed that fixation dispersion significantly decreased (difference:
.019) after reports of self-caught MW, t = 5.07, p < .001; but this was
not the case for the baseline (difference: .004), t = .29, p = .447.
In the probe-caught condition, we found a significant main effect
of time, F (1, 26) = 71.55, p < .001, ηG
2 = 0.24. The main effect of
attention was not significant, p = .268. The interaction between time
and attention was also not significant, p = .160.
6.3 | Summary of Study 2
In Study 2, results from the growth curve analysis were consistent
with those obtained in Study 1, despite changes in the instructor,
visual layout, and content of the video lecture. Specifically, we found,
during MW, an increased proportion of fixations on the teacher,
increased duration, and reduced dispersion for fixations on the slides.
We also constructed a fixation heat map on the basis of the probe-
caught data with the same procedure (see Figure 5, lower panel). Simi-
lar to Study 1, a reduction in the coverage of the slides during MW
potentially contributed to the change in fixation allocation as well as
the reduced dispersion for fixations on the slides.
Similar to Study 1, both self-caught and probe-caught MW were
correlated with the offline rating of engagement. Different from Study
1, we did not find a significant relationship between MW frequency
and comprehension. There was a lower average score on the compre-
hension test (37% in Study 2 vs. 60% in Study 1), so it may be that dif-
ferences in difficulty of the content or the test might play into this
difference in results.
For fixation duration and dispersion, the self-caught data across
the two studies consistently showed an abrupt change right after
reports of MW. However, some inconsistencies existed in the probe-
caught condition between the two studies. For example, in Study 2,
we found that fixation duration significantly decreased after probe-
caught MW but not after on-task episodes. This interaction was not
statistically significant in the probe-caught condition of Study 1. In
Study 2, the dispersion of fixation on the slides seemed to increase
in general after probe presentation, regardless of participants'
responses. In Study 1, however, this was only the case for probes
responded as MW.
7 | GENERAL DISCUSSION
The current study examined the relationship between MW and eye
movements during video lectures. A similar set of eye movement pat-
terns were found in two video lectures. First, MW, compared with on-
task episodes, was associated with a larger proportion of fixations on
the instructor. Second, during MW, fixations on the slides tended to
become longer in duration and less spread in location. These patterns
were observed during both self-caught and probe-caught MW, which
significantly differed from those observed during non-MW episodes.
We obtained preliminary evidence that some eye movement pat-
terns associated with MW tended to revert to normal immediately
after reports of MW. This may suggest that the state of MW was ter-
minated either because it reached awareness (self-caught) or because
it was interrupted by the sudden onset of a thought probe (probe cau-
ght), leading to abrupt changes in eye movement behaviors. However,
as noted before, the results were not entirely consistent between the
two studies, especially for the probe-caught conditions. The sudden
onset of a thought probe is naturally distracting and may interfere
with both on-task and off-task processes. Moreover, analysis using
the probe-caught data might have limited statistical power because it
requires that probes occur at the same time participants are MW. In
this sense, the self-caught method might be more beneficial in terms
of statistical power because it does not limit the number of reports.
Although the current results on how participants respond to realizing
they are MW remain inconclusive, recovery from MW is an important
topic in its own right, and we believe that contrasting eye movements
before and after MW is a fruitful way to further understand the
phenomenon.
In the sections below, we connect findings from the growth curve
analysis to existing theories and discuss limitations that should be
addressed in future research.
7.1 | Looking at the instructor
There are several possible explanations for the change in fixation allo-
cation during MW, for example, a loss of top–down control during
MW. As a result, the eyes were spontaneously drawn to salient
objects. Wilson et al. (2018) argue that visual features of the instruc-
tor contain what Harp and Mayer (1998) termed seductive details, fea-
tures that are salient but irrelevant to the task. The instructor's visual
presence may bring in seductive details such as the instructor's phy-
sique, movements, and clothes. Although these features are often not
central to learning, they may be more appealing than the static pre-
sentation on the slides. Although the learner may exert top–down
control to avoid these seductive details when they are on-task, they
might nevertheless lose control of their eyes when the mind is
wandering.
Another possibility is that this pattern reflects a balance between
on-task and off-task processing. It has been suggested that MW and
task-relevant processing draw from the same limited pool of atten-
tional resources (Thomson, Besner, & Smilek, 2015). Understanding
texts and graphs can be effortful and must be supported by limited
attentional resources, but simply looking at the instructor speaking
may be less effortful and thus permit the mind to wander. If partici-
pants do not want to fully engage in the lecture (either because they
have understood it or because they are not motivated to learn), they
might avoid looking at the slides so that they can think about things
that they deemed more important. This possibility can be tested by
examining the intentionality of MW (Seli, Cheyne, Xu, Purdon, &
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Smilek, 2015; Seli, Risko, & Smilek, 2016). Unintentional MW occurs
when the learner loses control over thoughts despite their best inten-
tion to focus on the task, whereas intentional MW occurs when the
learner decides to disengage from the task. Thus intentional MW is a
more deliberate and controlled process than unintentional MW (Seli,
Risko, Smilek, & Schacter, 2016). It may be meaningful in future
research to examine to what extent the shift of fixation allocation is
an intended behavior.
It is also important to consider how a third variable, such as the
learner's comprehension, could be associated with both the observed
eye movement patterns and MW. This is particularly important given
the correlational relation between self-reports and eye movements.
For example, comprehension decreases when learners do not know
where to look (so they look more at the teacher and explore the slides
less). And because the learner cannot follow the lecture content, they
might start to mind wander. However, this notion is complicated by
the absence of a relationship between MW and comprehension in
Study 2.
7.2 | Looking at the slides
We found that MW was associated with increased fixation duration, a
finding consistent with some previous studies (Bixler & D'Mello,
2016; Faber et al., 2018; Foulsham et al., 2013; Krasich et al., 2018;
Reichle et al., 2010). Overall, the increased duration suggests that
visual processing became less efficient, possibly because participants
had to spend longer time processing information at one location
before moving on to the next. Recent research (e.g., Tatler,
Brockmole, & Carpenter, 2017) showed that the when and the where
aspects of eye movement control are more connected with each other
than previously assumed. Therefore, another possibility is that
changes in where to move the eyes affected when to move the eyes.
For example, if during MW participants preferred to look at certain
stimuli on the slides that take longer to processes (e.g., difficult words,
longer words, etc.), the overall fixation duration could increase. Finally,
it is also possible that participants were simply gazing at the slides
blankly and not processing any information at all. Internally oriented
cognition is often associated with decreases in external processing
(Barron, Riby, Greer, & Smallwood, 2011). The fact that the eyes tem-
porarily stop at one location may not necessarily indicate that the
corresponding perceptual information is processed.
The reduced fixation dispersion across the slides area suggests
that, during MW, learners were not actively moving their eyes to pro-
cess information presented on the slides. Together with the fixation
duration results, they show that information processing on the slides
area was impaired during MW. However, this pattern is not consistent
with two recent studies that reported greater dispersion of fixations
during MW (Hutt, Mills, et al., 2017; Krasich et al., 2018). This discrep-
ancy might be attributed to task-specific viewing strategies. For exam-
ple, in the scene-viewing task, participants were asked to view scenes
with complex visual details (urban scenes) for a later memory test
(Krasich et al., 2018). A part of the memory test required the
participant to identify small vignettes extracted from the scenes. In
this context, participants might tend to sample a few distant locations
during MW as a strategy for quick and rough processing of the scene.
In the current study, however, the processing demand oriented more
towards comprehension and less towards remembering perceptual
details. Therefore the sampling strategy that might have appeared in
Krasich et al. (2018) could be absent in the current study. On the
other hand, the current results appear to be consistent with those
found in a simulated driving task, where the authors claimed that the
driver's focus was narrower during MW (He et al., 2011). It is possible
that the dispersion pattern and how it is affected by MW are task spe-
cific and more research is needed to make generalizations. Moreover,
fixation dispersion may be a rather coarse measure that does not fully
capture the underlying mechanism of attention allocation during MW.
7.3 | Limitations and future directions
One advantage of the measures examined in this study is that they
can be easily calculated without heavily depending on specific events
or details of the video. Features that depend less on the context may
be more useful when future research tries to build MW detection
algorithms that are generalizable across tasks. Indeed, existing work
suggests that using global and local features combined do not improve
prediction performance than using global features alone (e.g., Bixler &
D'Mello, 2016; Faber et al., 2018; Hutt, Hardey, et al., 2017). How-
ever, a potential downside of using generic measures is that they may
be less diagnostic of specific cognitive processes during lecture view-
ing. Using more fine-grained eye movement measures can shed light
on the mechanisms of MW. For example, during MW, learners might
fail to examine some critical information presented on the slides,
which may predict worse memory of such information in the posttest.
More generally, a lack of synchrony between the instructor's speech
and the learner's eye movements may predict worse comprehension.
Examining these questions may help to answer why MW does not
always lead to worse learning outcomes (Varao-Sousa & Kingstone,
2015, 2019). It might be the case that the learner was MW at non-
critical points of the lecture, which would weaken the relationship
between attention and performance. The current study was not
designed to answer these questions, but they are nevertheless crucial
to advance our understanding of the complex relationship between
attention and learning.
It is also worth questioning, given the wide variety in video pro-
duction formats, to what extent the current findings can be general-
ized to other lecture styles. We varied the instructor, content, and
arrangement of the instructor and slide frames, but this does not
begin to exhaust the range of online video-based course formats.
Many video lectures are simply classroom recordings, as they are rela-
tively convenient and low cost for production. In another popular for-
mat, the teacher appears adjacent to or within the presentation,
creating two areas of interest (as in the current study). It is also possi-
ble to integrate the instructor's image into the presentation (as often
done with a green screen in televised weather forecasts) to allow for
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more interactions between the instructor and the content (Bhat, Chi-
nprutthiwong, & Perry, 2015). There are also lectures that show the
instructor's image only at selected times (e.g., intermixed with slide
presentations). Moreover, virtual agents replace real human instruc-
tors in some intelligent tutor systems (Hutt et al., 2016; Li, Kizilcec,
Bailenson, & Ju, 2016). Finally, videos in some online learning plat-
forms (e.g., Khan Academy) do not show the instructor at all. The for-
mat we used was the most commonly reported in a recent study
(Santos-Espino, Afonso-Suárez, & Guerra-Artal, 2016) that surveyed
115 massive open online courses (MOOC) lectures, with 34 (30%) of
them using a pairing of a talking head with slides. The question of
how video format affects attention and learning in MOOCs is largely
open (Kizilcec et al., 2014; Mayer & Moreno, 2003; van Gog, Ver-
veer, & Verveer, 2014; van Wermeskerken & Gog, 2017; Wilson
et al., 2018), but eye-tracking measures of student behavior in this
context will play a role in understanding the relations between format
and student experience of instruction.
Studying the relation between MW and learning is complicated
by the otherwise good news that students are usually not in the MW
state. In addition to increasing the sample size, there are a number of
ways to increase the likelihood of MW, such as including an induction
phase (Kopp, D'Mello, & Mills, 2015), extending the task length
(Thomson et al., 2015), and inserting more thought probes to obtain
more MW episodes, although all of these can alter the learning experi-
ence in ways that may make it seem less natural. Because we hope
that the methods used here will be extended to other contexts, all
data, stimuli, and script are freely available at https://osf.io/ptj75.
Overall, the current research showed that MW was associated
with temporal changes in when and where the eyes moved during
video lectures. These results contribute to a growing body of research
uncovering objective signatures of MW in educational settings and
may facilitate efforts in finding ways to identify MW to promote
learners' attention. Although many questions remain unanswered, we
hope that our work piques interests for more thorough studies on this
topic in the near future.
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APPENDIX A
This appendix included fixed effect estimates of the growth curve analysis models mentioned in the main text.
TABLE A1 Growth curve models for the relative fixation proportion of the teacher area
Study 1: probe-caught Study 1: self-caught Study 2: probe-caught Study 2: self-caught
On-task −8.32* (3.68) −1.52** (0.55) −6.93* (2.75) −0.39 (0.84)
Linear term 9.99* (4.93) 5.15*** (1.49) 25.18*** (6.42) 5.38** (1.94)
Quadratic term 3.59 (4.09) −0.56 (1.14) −1.27 (5.87) −1.93 (1.88)
On-task: linear 6.12 (6.58) −5.48** (1.97) −4.24 (8.73) −7.21** (2.68)
On-task: quadratic −4.67 (5.19) 1.12 (1.52) 7.56 (7.37) 0.80 (2.49)
Constant 22.29*** (2.83) 13.76*** (1.44) 31.50*** (2.92) 22.42*** (1.39)
Note: Reference level for all models is mind wandering; standard errors are in parenthesis.
***p < .001; **p < .01; *p < .05.
TABLE A2 Growth curve models for the mean of fixation durations (slides area)
Study 1: probe-caught Study 1: self-caught Study 2: probe-caught Study 2: self-caught
On-task −18.18 (12.62) −3.86 (3.33) −19.62 (13.22) −8.19*** (2.45)
Linear term 87.72*** (20.30) 36.37*** (6.31) 97.98*** (26.78) 53.12*** (5.83)
Quadratic term 3.68 (23.39) 20.45* (8.17) 4.28 (17.02) 31.06*** (6.39)
On-task: linear −90.68*** (26.78) −37.92*** (8.93) −84.95** (27.17) −54.77*** (8.19)
On-task: quadratic −34.56 (29.85) −20.78 (11.56) 22.74 (22.38) −32.31*** (8.88)
Constant 318.08*** (11.86) 274.04*** (7.59) 282.90*** (13.11) 253.21*** (5.46)
Note: Reference level for all models is mind wandering; standard errors are in parenthesis.
***p < .001; **p < .01; *p < .05.
TABLE A3 Growth curve models for fixation dispersion (slides area)
Study 1: probe-caught Study 1: self-caught Study 2: probe-caught Study 2: self-caught
On-task 0.03* (0.01) 0.01** (0.003) 0.02* (0.01) 0.002 (0.003)
Linear term −0.06** (0.02) −0.02*** (0.01) −0.08*** (0.02) −0.04*** (0.01)
Quadratic term 0.01 (0.02) −0.01 (0.01) −0.01 (0.02) −0.02** (0.005)
On-task: linear 0.04 (0.02) 0.02** (0.01) 0.03 (0.02) 0.04*** (0.01)
On-task: quadratic 0.001 (0.02) 0.01 (0.01) 0.01 (0.02) 0.02* (0.01)
Constant 0.19*** (0.01) 0.22*** (0.005) 0.19*** (0.01) 0.22*** (0.004)
Note: Reference level for all models is mind wandering; standard errors are in parenthesis.
***p < .001; **p < .01; *p < .05.
ZHANG ET AL.464
